Volatility behaves differently across quiet and turbulent periods, but may behave similarly across markets. We study daily range volatility spillovers for eight East Asian markets (1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006) with a Multiplicative Error Model (MEM) where the expected volatility of one market depend also on the past daily ranges of other markets.
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relative to the volatility received by other markets. Concluding remarks follow.
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Volatility Spillovers
49
The theoretical literature on crises, contagion and volatility spillovers is extensive (Claes-50 sens and Forbes 2001; Pericoli and Sbracia, 2003; Dungey and Tambakis, 2005) . From an 51 econometric point of view, a variety of methodologies were adopted according to whether 52 a crisis is identified a priori or whether the main focus of interest are correlations across 53 markets, possibly subject to a latent regime. Thus, Eichengreen et al. (1996) , Cara- Fratzscher (2003), Gallo and Otranto (2007) liken the insurgence of a crisis to a switch 64 in regime that is endogenously determined by the data. Generally speaking, the empirical 65 results confirm a certain degree of interdependence among markets, independently of the 66 definition chosen.
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A large part of the literature on the 1997-98 Asian financial crisis has discussed volatil-68 ity spillovers focusing on stock indices, currency prices and interest rates. Table 1 shows 69 a brief summary of the existing empirical analyses. A variety of different econometric ap-70 proaches have been used to describe how shocks propagate, whether some relationships 71 among different markets exist and how they change, if at all, during a crisis. Results based 72 on these techniques all reach the same conclusion: some dependence between Asian mar-73 kets exist, Hong Kong plays a very important role in the region (Gallo and Otranto, 2007; 74 Forbes and Rigobon, 2001; In et al., 2001) , the cross-market spillovers increased for many 75 countries during the crisis. vention in the region has been analyzed at length (Ito, 2007) . It is beyond the scope of 93 this paper to look at these causes: from this discussion we retain the consensus that the We will use the highest and lowest price recorded during the day to build our volatility 104 proxy, the daily range hl t (Parkinson, 1980) :
The range can be interpreted as the maximum intradaily return obtainable on a long posi- We have chosen to break up the mean of the range by subperiods (Pre-crisis, Crisis cesses and estimate it on the range data for the eight markets in a simultaneous structure.
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Conditional on the information set I t−1 , volatility in market i is modeled as
where the innovation term i,t |I t−1 is distributed as a Gamma random variable with unit 142 conditional expectation (i.e. with a single parameter φ ensuring a large degree of flexibil-143 ity). The conditional expectation of hl i,t , µ i,t , can be specified as a base MEM(1, 1),
which involves past values of the range and of the conditional expectation (Engle, 2002 We use a single subscript when the corresponding effect comes just from the same market and a double subscript for interdependence effects. Also, we prefer not to burden the notation with specifications which have only potential interest. Since they have not received empirical support in our analysis, they would not be considered in what follows.
1. a second lag on past range hl i,t−2 when called for by residual diagnostics; 2. asymmetric effects in which the impact from own lagged volatility is split into two The general model adopted is thus the following
Relative to a Vector Autoregressive model on the same variables, a MEM does not suf- making the MEM preferable to modeling second order moments by multivariate GARCH 171 models which suffer from limitations in the number of variables to be considered.
172
Based on the estimation results we proceed to select more parsimonious specifications,
173
based either on the significance of zero restrictions or of the absence of asymmetric effects 174 8 (the equality of the (α
The effects which are significant 175 in each market 2 are reported in Table 3 .
176 Table 3 about here
177
The model selection process is supported by diagnostics on the residuals hl i,t /μ i,t
178
shown in Table 4 2 Detailed coefficient estimation results are reported in two different tables at the end of the paper (Tables 6 and 7), but they are not of direct interest in the discussion that follows. Given the large number of coefficients in the most general specification (3) leaving all coefficients irrespective of their significance (as one would do in a VAR) leaves the door open to inefficient estimates and therefore to less precise subsequent analysis. Additional results and the detailed method of selection are available upon request. Conditional on the information available at time t, the equations (3) for each market can 210 be stacked 3 in a compact form as
Moving further steps ahead, hl t+τ , τ > 0 is not known and needs to be substituted with 212 its corresponding conditional expectation µ t+τ . The dummies DC and PC are fixed to the 213 value that they had in t. Hence,
3 We resort to a mild abuse of notation by indicating the expressions α and, then, for τ > 2
which can be solved recursively for any horizon τ .
216
We use expressions (4) and (6) The second episode which we report in condensed form is the evolution of volatility as 
Spillovers as Responses to Shocks
259
Let us recall that the MEM is a system
where hl t is a vector with stacked hl i,t 's, µ t is a vector with stacked µ i,t 's, the innova- unconditional standard deviation of it and the other terms j = i equal to the linear pro-
The element-by-element division ( ) of the
gives us the relative change in the forecast profile brought about by a one standard devia- 
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In general, as many curves would overlap with one another in a graphical represen-
286
4 We exploit the information about the contemporaneous covariation in t ex-ante: Dungey and Martin (2007) acknowledge the presence of correlated shocks by estimating them as contagion.
5 Cf. the impulse response functions described in Engle et al. (1990) , for news spillovers on volatility. See also Gallant et al. (1993) , Koop el. (1996) for impulse response functions in a nonlinear VAR context. tation, we need a synthesis of the impact of the shock from country i to country j at a specific date. We suggest to consider the cumulated responses (the area under the curve) 288 of country j:
In the example provided in Figure 5, Taiwan, and a much lower value for the Philippines (about 28%).
293
Since the curves in Figure 5 are market and date specific, we can repeat the calcula-294 tions for all markets and all days in the sample: we obtain results which can be averaged 295 out as in Table 5 .
296 Table 5 about here   297 In column i, we report the average cumulated effect of a one standard deviation shock -3267.975 -3265.314 -3447.357 -3434.800 -3696.633 -3694.599 -3032.638 -3029.500 LB ( -3155.904 -3149.895 -3036.293 -3032.768 -3446.361 -3444.106 -3549.886 -3546.642 LB (12) 22.307 Table 5 : Summary of the volatility impacts to a one standard deviation shock to the market in the column heading. Last row reports ζ i , the Volatility Spillover Balance of market i as the ratio of the sum by column ("From") to the ratio of the sum by row ("To"), excluding element (i, i). 
